Motivation: Integration of different biological networks and data-types has been a major challenge in systems biology. The present study introduces the transcriptional regulated flux balance analysis (TRFBA) algorithm that integrates transcriptional regulatory and metabolic models using a set of expression data for various perturbations. Results: TRFBA considers the expression levels of genes as a new continuous variable and introduces two new linear constraints. The first constraint limits the rate of reaction(s) supported by a metabolic gene using a constant parameter (C) that converts the expression levels to the upper bounds of the reactions. Considering the concept of constraint-based modeling, the second set of constraints correlates the expression level of each target gene with that of its regulating genes. A set of constraints and binary variables was also added to prevent the second set of constraints from overlapping. TRFBA was implemented on Escherichia coli and Saccharomyces cerevisiae models to estimate growth rates under various environmental and genetic perturbations. The error sensitivity to the algorithm parameter was evaluated to find the best value of C. The results indicate a significant improvement in the quantitative prediction of growth in comparison with previously presented algorithms. The robustness of the algorithm to change in the expression data and the regulatory network was tested to evaluate the effect of noisy and incomplete data. Furthermore, the use of added constraints for perturbations without their gene expression profile demonstrates that these constraints can be applied to improve the growth prediction of FBA. Availability and Implementation: TRFBA is implemented in Matlab software and requires COBRA toolbox. Source code is freely available at http://sbme.modares.ac.ir.
Introduction
Flux balance analysis (FBA) is a constraint-based modeling approach that can lead to optimal flux distribution using a metabolic network and defining an objective function without information about reaction kinetics (Llaneras and Pic o, 2008) . FBA commonly applies stoichiometric, enzyme capacity and thermodynamic constraints to simulate growth (Llaneras and Pic o, 2008) . After applying the constraints, the possible solution space is bound, allowing for a more accurate characterization of the reconstructed metabolic network. For many years, researchers have attempted to improve prediction of metabolic models by using other data and defining new constraints to bound more the possible solution space.
V C The Author 2016. Published by Oxford University Press. All rights reserved. For Permissions, please e-mail: journals.permissions@oup.com Regulatory and omics data are two important data that have been integrated with metabolic models by various algorithms (Blazier and Papin, 2012; Chandrasekaran and Price, 2010; Palsson, 2002) .
Among various types of omics data, transcriptomic data was incorporated into metabolic flux constraints using several FBA-driven algorithms because of its abundance (Blazier and Papin, 2012; Machado and Herrgård, 2014) . GIMME (Becker and Palsson, 2008) , iMAT (Shlomi et al., 2008) and MADE (Jensen and Papin, 2011) are some of the methods that delete reactions based on expression level. In fact, these algorithms discretize expression data into two groups: lowly and highly expressed. E-Flux (Colijn et al., 2009 ) imposes constraints on the reactions activity levels. It uses transcript levels to determine the degree to which a reaction is active or inactive by constraining the maximum possible flux through the reaction. Lee et al. (2012) presented a method based on changing the objective function. They integrated gene expression data into the objective function to maximize the correlation between experimentally measured absolute gene expression data and predicted internal reaction fluxes. Machado and Herrgå rd (2014) reviewed the previously presented algorithms for integration of transcriptomic data into metabolic models. They also systematically assessed a subset of these methods using three published datasets, i.e. Holm and Ishii datasets (Holm et al., 2010; Ishii et al., 2007) for Escherichia coli and a dataset (Rintala) (Rintala et al., 2009) for Saccharomyces cerevisiae. Their results showed that none of the methods outperform FBA in most situations, and the predictions obtained by simple FBA using growth maximization and parsimony criteria are good or better than those predicted by integration methods. They also tested the robustness of the methods toward noise in the data and found that there is no significant difference in results when the gene expression data is replaced by randomly generated data for all of the studied methods. This shows that many of the predictions made with these methods are actually artifacts of the methods and not a consequence of gene expression levels. The sensitivity of the results to methodspecific parameters was also checked. The results showed that for most parameters the variation is not monotonic with respect to the parameter value. Consequently, it is evident that development of new methods with greater capabilities is necessary.
Algorithms such as RFBA (Covert et al., 2004) , SRFBA (Shlomi et al., 2007) and iFBA (Covert et al., 2008) were proposed to incorporate regulatory constraints into FBA. Requirements for an extensive literature search to determine the relationship between the regulator and its target, discretizing genes into binary states (on or off), and the manual nature of the process are important disadvantages of these algorithms, the use of which at the genome scale is difficult (Chandrasekaran and Price, 2010) . Chandrasekaran and Price (2010) introduced an algorithm called probabilistic regulation of metabolism (PROM) that integrates expression data with metabolic and transcriptional regulatory networks. PROM enables straightforward, automated, and quantitative integration of high-throughput data into constraint-based models that results in the continuous restriction of reaction flux. PROM uses abundant gene expression data to introduce probabilities to represent gene states and genetranscription factor interactions. Hence, PROM only requires a regulatory network consisting of transcription factors (TFs) and their targets; determination of the relationship between the regulator and its target is not required. PROM identified phenotypes of metabolic gene KOs with 95% accuracy and predicted growth rates of E.coli quantitatively with a correlation of 0.95.
The present study proposes a new algorithm termed transcriptional regulated flux balance analysis (TRFBA). The proposed algorithm simultaneously uses all of the gene expression data for various genetic or environmental perturbations and introduces new constraints to convert gene expression levels to the upper bounds of reactions as well as to link transcriptional regulatory and metabolic networks. Similar to PROM, TRFBA continuously restricts reaction flux and only requires transcription factors and their targets to automatically introduce constraints that limit expression levels of target genes based on the expression levels of the regulating genes. However, TRFBA does not require abundant gene expression data or the relationship between the regulator and its target. The algorithm was applied to the E.coli and S.cerevisiae models, and its ability to quantitatively predict growth rate was assessed. The results were compared with previously presented methods. The robustness of TRFBA towards change in the expression data and regulatory network and its sensitivity to the values of its parameter were tested. Finally, TRFBA was used for growth prediction of some perturbations without using their expression data to examine the generality of the added constraints by using the other perturbations.
Materials and methods

Materials
In this study, the genome scale metabolic models iJO1366 (Orth et al., 2011) and iTO977 ( € Osterlund et al., 2013) were used for E.coli and S.cerevisiae, respectively.
Microarray and experimentally-measured growth phenotype data from Covert et al. (2004) for E.coli and from Rintala et al. (2009) for S.cerevisiae were used. mRNA levels were measured in a minimal medium that included glucose as the sole carbon source and were represented in an expression matrix. According to Figure  1 , each row of the expression matrix corresponded to a gene the expression of which was measured, and each column corresponded to a perturbation.
The regulatory network for E.coli was extracted from RegulonDB (Salgado et al., 2006) that included 195 transcriptional genes, 1694 target genes, and 4631 regulatory interactions. The regulatory network for S.cerevisiae including 179 transcriptional factors, 863 target genes, and 31075 regulatory interactions was obtained from Chandrasekaran and Price (2010) .
In all in silico experiments, biomass formation was the objective function to be maximized. Calculations were made in MATLAB software using the COBRA toolbox. TomLab/CPLEX was used to solve optimization problems. Configuration of all methods except PROM was carried out using the methods presented by Machado and Herrgå rd (2014) . An implementation of PROM was provided with the original publication (Chandrasekaran and Price, 2010) .
TRFBA representation
Stoichiometric metabolic models are constructed using a metabolic network and comprise a set of algebraic equations which are Isozymes are independent proteins that are coded by different genes and carry out identical reactions. They are presented in the metabolic models with OR associations. In stoichiometric modeling, only one of the isozymes is required to be present for the reaction to occur; however, the contribution of each isozyme could differ when adding gene expression profiles to the model given that expression of genes differs. As mentioned, the algorithm adds a new constraint to the model that limits the rate of reaction(s) supported by a metabolic gene and prevents the multiple use of an expression value of a gene by associated reactions. For this purpose, the model must be extended and reactions with OR associations must be represented in separate form. The example shown in Table 1 including two reactions and genes is considered.
The expression of gene G 1 is used to encode reactions R 1 and R 2 ; therefore, these reactions must be linked by adding a new constraint as shown in step 2 of the algorithm. R 2 is also supported by G 2 , and the new constraint will result in the non-availability of G 2 for R 2 . To solve this problem, the reactions should be rewritten in the 'without OR' form (Table 2) .
Considering separate reactions differentiates R 2 that is catalyzed by the expression of G 1 from R 2 0 which is the same reaction but is catalyzed by the expression of G 2 . It should be mentioned that this problem does not occur when there are subunits and genes connected to reactions with & associations. For example, if R 2 in Table  1 is supported by subunits G 1 and G 2 , the minimum expression of G 1 and G 2 must be considered for the upper bound of R 2 . If the contribution of R 2 from G 1 is less than the expression level of G 2 , the new constraint (Eq. (2)) for G 1 will limit the activity of reaction R 2 .
In addition, if the contribution of R 2 from G 1 is more than the expression level of G 2 , the new constraint (Eq. (2)) for G 2 will limit the activity of reaction R 2 . For more explanation, some examples of representation in the 'without OR' form from the E.coli metabolic model are presented in Supplementary Table S1 .
Limit associated reaction(s) of a metabolic gene
The rate of reaction(s) that are supported by a gene is limited according to Eq. (2):
where K j is the set of indices of reactions supported by metabolic gene j, v i indicates flux of reaction i, and E j is the expression level of jth gene that is considered as a new variable. C is a constant parameter used to convert the expression levels to the upper bounds of the reactions. This coefficient denotes the maximum rate supported by one unit of expression level of a gene; thus, the unit for C is mmol gDCW À1 h À1 . After transcription, it is possible to have both posttranscriptional and post-translational regulation in a cell; thus, gene expression levels determine the maximum rates, and inequality is used for Eq. (2).
To avoid the appearance of a negative value in Eq. (2), the model is converted to irreversible form. By considering the model in irreversible form, simultaneous activation of a reversible reaction in the forward and backward directions (a drawback of FBA) will use the expression of its associated gene; hence, it will be costly for the model. Note that Eq. (2) is only generated for every gene linked to at least one metabolic reaction and its expression is measured. For more explanation, a small metabolic network and representation of its reactions in the 'without OR and irreversible' form are presented in Supplementary Figure S1 and Table S2 , respectively. Furthermore, equations derived for the metabolic genes of the small metabolic network using Eq. 2 are presented in Supplementary  Table S3. 3. Integration of transcriptional regulatory and metabolic networks In this research, integration is based on the relationship between the expression level of a target gene and the sum of the expression levels of its regulating genes. For example, the expression level of deoA versus its regulating genes crp, cytR, deoR, fis and modE is presented in Figure 2 using the gene expression data of Covert et al. (2004) . Each point in this figure belongs to a perturbation. It can be seen that there is an inverse relationship between this gene and its regulating genes, and the expression level of deoA is always lower than the line drawn in Figure 2 . Thus, an inequality constraint according to Eq. 3 can correlate the expression level of deoA with the sum of the expression levels of its regulating genes.
Linear inequality constraints for each target gene can be determined and then added to the model to correlate the target and regulating genes and to bound more the possible solution space. Manual determination of constraints is time consuming because of the large number of target genes. Therefore, the following procedure was used to extract the constraint for each target gene. Figure 3 is presented for a better description of the procedure. Each point in this figure belongs to a perturbation.
1 X data (sum of expression levels of regulating genes for the target gene) is used to divide the X dataset into equal-sized groups. In Figure 3 , the X dataset is divided into three equal groups. 2 Maximum expression level of the target gene and its corresponding point for each group is determined and named y 1 , y 2 , y 3 , etc., similar to Figure 3. 3 The constraining lines are determined by connecting the adjacent y points. Figure 3 indicates two lines for the three groups. The first line passes through points belonging to y 1 and y 2 , and the second line passes through points belonging to y 2 and y 3 . The slope (s I ) and intercept (IN I ) of these lines are used in the next step to determine the linear inequalities.
Division of the X dataset into more groups may extract better inequality constraints that leave all points below the lines. However, it will increase the computational cost.
4 Expression level of target genes is correlated with the sum of the expression levels of their regulating genes by defining a linear constraint according to Eq. (4) and using slope and intercept of the extracted lines.
where s I and IN I indicate the slope and intercept of line I, respectively. E T denotes the expression level of target gene T for which line I is extracted. G T is the set of indices of genes that regulate target gene T, and E k is the expression level of kth regulatory gene. In Eq. (4), only the gene of which the expression was measured is considered.
The lines may possibly overlap with each other. For example, the first line in Figure 3 is the constraining line in the range between y 2 and y 3 . To prevent overlapping of the lines for a target gene, Eq. (4) was modified and two binary variables and two new constraints were added for each line.
where w I,1 and w I,2 are the binary variables for line I, U is a very large positive number and x I and x I þ 1 are sums of expression levels of regulating genes corresponding to y I and y I þ 1 . In this formulation, Eq. (5) is dominant only when both w I,1 and w I,2 are zero. Both binary variables are zero only when the sum of expression levels of regulating genes is between x I and x I þ 1 . Finally, TRFBA uses the following formulation to simulate growth. It should be mentioned that expression levels of genes (E) are continuous variable in addition to the fluxes of reactions (v) in this formulation. It should also be noted that a metabolic gene can be a target gene, but all target genes are not necessarily a metabolic gene. 
where v Growth indicates the growth rate. E max is a vector including the upper bound of the expression level of genes. Maximum expression for every gene in the expression matrix was used to determine E max vector. If the expression level of a gene is known, it bounds to the measured level. If expression levels for all genes are measured, Eq. 5 is not useful and can be removed and the measured expression levels limit the upper bounds of reactions using Eq. 2. Hence, TRFBA is also applicable for only one perturbation with measured expression data. The flowchart of the algorithm is shown in Figure 4 .
Error measurement
For each simulation, the model and experimental results were used to calculate estimation error of the growth rate according to Eq. 7.
Error ¼ jv growth; sim À v growth; exp j v growth; exp
where v growth,sim and v growth,exp are the predicted and measured growth rates, respectively. 3 Results and discussion
Assessment of TRFBA predictions
Two experimental datasets for E.coli (Covert et al., 2004) and S.cerevisiae (Rintala et al., 2009) were used for assessment. Dataset of E.coli contained 14 sets of information for the E.coli MG1655 strain and its mutants (DarcA, DappY, Dfnr, DoxyR, DsoxS and the double knockout DarcADfnr) in aerobic and anaerobic conditions. For S.cerevisiae, the dataset included five data for growth of yeast in glucose-limited chemostat at a dilution rate of 0.1 h À1 with different levels of oxygen in the feed gas. The uptake rates measured for glucose and oxygen were used as constraints in all simulations. The expression dataset for each target gene was divided into three groups. More division did not improve growth predictions. Development of the models to the 'without OR' form increased the number of reactions from 2583 to 3901 for E.coli and from 1561 to 1953 for S.cerevisiae. Furthermore, the number of reactions increased from 3901 to 5778 for E.coli and from 1953 to 2479 for S.cerevisiae in the irreversible form. Expressions of 2248 genes of E.coli and 1139 genes of S.cerevisiae were added to the models as the new variables. 1353 and 933 constraints using Eq. 2, 10038 and 5148 constraints using Eq. 5 and 6692 and 3432 binary variables were added to the E.coli and S.cerevisiae models, respectively.
Sensitivity analysis was carried out to find the optimal value of parameter C. The sensitivity of the growth error with respect to the C values was analyzed by varying the parameter and measurement of the error for all perturbations. Figure 5(a, b) indicates the average errors and variations in the error of all conditions using E.coli and S.cerevisiae datasets. The results show that the variation is monotonic with respect to the C value, and the average error changes with change of C. The optimal values of C are 0.011 and 0.68 mmol gDCW À1 h À1 for E.coli and S.cerevisiae, respectively. As presented in Supplementary Data 1, differences in the measured expression levels for E.coli and S.cerevisiae is the main reason for different optimal values of C for the two models. Considering a value lower than optimal C results in the restriction of the model more than optimal, and biomass production with C ¼ 0 is not possible. For high values of C, the growth rate will increase and the intracellular constraints applied by Eqs. 2 and 5 will not be effective. In this condition, TRFBA predicts growth rates the same as FBA. FBA uses the stoichiometric data without limitation for intracellular reactions. This means that FBA forces the model to convert all carbon sources to biomass with maximum theoretical yield. Both extremes can be seen in Figure 5(a, b) .
FBA activates a set of reactions to optimize the objective function (e.g. maximize the growth rate). Most of the reactions in a metabolic network are not commonly used for growth. Similar to FBA, TRFBA activates some of the reactions and genes to optimize growth. It is possible that an expressed gene is not applied for growth or its expression is more than that used by TRFBA; hence, AutomaƟc extracƟon of the new constraints to correlate target and regulaƟng genes (using Eq. 5)
Determine the upper bound oŌhe expression level of each gene expression levels predicted by TRFBA are commonly lower than the measured data. The histogram plot presented in Supplementary Figure S3 confirms the lower expression levels predicted by TRFBA.
To assess the predictive capability of TRFBA and to compare this method with previous integration methods and FBA, growth predictions of the methods were tested using the two experimental datasets. The parameter C was set to the optimal values for TRFBA. Distribution of the error to predict growth for perturbations using different methods is presented in Figure 5(c, d) . Each box plot indicates the distribution of error for all perturbations in one dataset. It can be seen that TRFBA has improved the prediction for growth, and the median error for each method is higher than that of TRFBA. Especially, its prediction for growth has been significantly improved in comparison with PROM that similarly integrates transcription data with genome-scale regulatory-metabolic models. The results for iMAT, Lee-12, RELATCH* and GX-FBA were not shown in Figure 5 because they are not capable of predicting growth. The inability of these methods to predict growth because of the lack of any constraint regarding growth rate has been previously reported (Machado and Herrgå rd, 2014) .
In fact, the current results indicate that the integration approach of TRFBA is more appropriate for predicting growth rate. In addition to the difference in approach of integration, the difference in the manner of expression data usage is an important discrepancy between TRFBA and previous methods. TRFBA simultaneously uses all expression data to simulate a specified condition. The methods that integrate expression data with a metabolic model can only use the gene expression profile of the studied condition. Furthermore, PROM requires abundant gene expression data measured under various environmental and genetic perturbations to introduce probabilities needed for representation of gene states and gene-TF interactions. Most of the expression data used by PROM is measured under different conditions than the studied conditions, and this could be a reason for the lower accuracy of PROM compared with TRFBA that can be implemented with low expression data.
Robustness analysis
As presented in Figure 4 , TRFBA requires a set of expression data for various perturbations and a regulatory network consisting of TFs and their targets in addition to a genome-scale metabolic model. Hence, it is necessary to analyze TRFBA regarding its robustness to change in the expression data including noise in the data, use of a subset of perturbations and reduction of genes with measured expression as well as change in the regulatory network to evaluate the effect of noisy and missing information.
Simulation with noisy data using E.coli and S.cerevisiae datasets for the anaerobic condition was implemented using the optimal values of C to determine the sensitivity of growth to gene expression levels (Supplementary Data 2) . A smooth increase in the error with an increase in noise level that indicates the robustness of the method can be seen in Supplementary Figure S4 (a, b) . This increase in the error was accompanied by a gradual increase in the variance of error at each level of noise; this indicates the absence of systematic bias in flux predictions.
A cross-validation study was performed to evaluate the robustness of TRFBA to the number of used perturbations and the generality of the algorithm for other datasets (Supplementary Data 3) . It should be mentioned that change of the number of perturbations is not effective on the number of added equations and it can only change the constant values obtained from the expression data. Supplementary Figure S5 demonstrates that the error in the different values of C is not significantly affected by considering fewer perturbations and the optimal value of C does not depend on the number of used perturbations.
To indicate the impact of incomplete information regarding the transcriptional regulatory network, 10 and 50% of the information about the TF-gene relationship were removed from the transcriptional regulatory network of E.coli, and the analysis of sensitivity to parameter C in these conditions was compared with that of the original regulatory network (Supplementary Data 4) . Removal of part of regulatory data changes and reduces the constraints added by Eq. (5). Supplementary Figure S6 indicates that TRFBA did not present an appropriate prediction (even in comparison with FBA) when only half of the regulatory information was used. False prediction of arcA as an essential gene in aerobic and anaerobic conditions resulted in the lack of growth for four DarcA mutants of E.coli database and is the main reason of inappropriate prediction. In fact, incomplete equations added by Eq. (5) led to the incorrect prediction of TRFBA. This result demonstrates the important role of completeness of regulation information. While removal of half of the information resulted in the huge fluctuations in the error, TRFBA predictions are not significantly affected by removal of 10% of the regulatory information and the results are better than FBA. It indicates the robustness of the algorithm to small noise in the regulatory network.
To evaluate the impact of incomplete information on measured expression levels, the expression levels of 10 and 50% of the genes were removed and results of the sensitivity analysis to parameter C in these conditions were compared with that of full expression data (Supplementary Data 5). Removal of part of expression data reduces the constraints added by Eq. (2) in addition to Eq. (5). Thus, the equations derived from the removed expression data of metabolic genes are eliminated. These equations control the flow of some metabolic pathways and their elimination reduces the ability of TRFBA to control the metabolic model. Therefore, more restriction is required and the optimal value of C is reduced when half of the data is removed (Supplementary Figure S7) . Given that this level of restriction of metabolic pathways is not physiologically meaningful; the ability of TRFBA to improve prediction of growth is reduced. As previously mentioned, TRFBA prediction for high values of C is the same as FBA and Supplementary Figure S7 demonstrates that removal of 50% of the expression data increases not only the error but also the range of values of C that predictions of TRFBA are the same as those for FBA. Reduction of the effective range of C confirms the reduced ability of TRFBA to control the metabolic pathways. TRFBA predictions are not significantly affected by removal of 10% of the expression data that indicate the robustness of the algorithm to small noise in the expression data.
Growth prediction without using gene expression profile
To assess the capability of the algorithm to predict the growth for genetic and environmental perturbations for which the gene expression profile is not measured, TRFBA, FBA and PROM were implemented. The equations and optimal value of C derived for E.coli using the Covert dataset were used for implementation of TRFBA. The growth rates of E.coli for three datasets including Holm and Ishii datasets (Machado and Herrgå rd, 2014) for E.coli MG1655 and a dataset for E.coli BW25113 were estimated. The uptake rate of glucose was used as constraint in all simulations. For the Ishii dataset, the oxygen uptake rate was also bound to the measured value. Experimental and predicted data for the three datasets are presented in Supplementary Tables S4-S6 .
To simulate the growth of E.coli BW25113, which is a derivative strain of E.coli MG1655, the model was modified and the associated metabolic reactions with the araBAD, rhaBAD and lacZ genes were deleted from the model (Joyce et al., 2006) . These genes are absent from BW25113 compared with the parent strain. Figure 6 indicates that the median error and the variance of errors for TRFBA and PROM are less than that for FBA. Furthermore, TRFBA improved the growth prediction compared with PROM.
These results demonstrate that the added constraints by TRFBA, although they are derived for other perturbations, improve the growth predictions and using them for all perturbations is applicable and beneficial.
Conclusion
There is an urgent need for new algorithms that properly integrate different biological networks and data-types to simultaneously represent all cellular functions. This research proposed a new algorithm for the integration of metabolic and transcriptional networks and gene expression data. TRFBA introduces gene expression levels as new continuous variables. The algorithm uses the new variables to limit upper bounds of reactions and to link the metabolic and transcriptional networks. TRFBA improved the quantitatively prediction of growth rate in comparison with previously published algorithms. Constraints introduced by TRFBA were also applicable to improve the growth prediction of FBA. In fact, the new proposed approach proved itself to be a simple and accurate method to predict the growth rate. 
